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A B S T R A C T
Gait parameters that can be measured with simple instrumentation may hold promise for identifying
individuals at risk of falling. Increased variability of gait is associated with increased risk of falling, but
research on additional parameters indicates that local dynamic stability (LDS) of gait may also be a
predictor of fall risk. The objective of the present study was to assess the association between gait
variability, LDS of gait and fall history in a large sample of elderly subjects.
Subjects were recruited and tested at a large national fair. One hundred and thirty four elderly, aged
50–75, who were able to walk without aids on a treadmill, agreed to participate.
After subjects walked on a treadmill, LDS (higher values indicate more instability) and variability
parameters were calculated from accelerometer signals (trunk worn). Fall history was obtained by self-
report of falls in the past 12 months.
Gait variability and short-term LDS were, individually and combined, positively associated with fall
history.
In conclusion, both increased gait variability and increased short-term LDS are possible risk factors for
falling in the elderly.
 2012 Elsevier B.V. 
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Aging is associated with fall risk. Falls can result in severe
injuries resulting in loss of independence, institutionalization and
even death [1]. As most falls occur during walking [2,3], assessing
fall risk based on gait parameters may be a promising approach for
selecting subjects for preventive measures. This paper focuses on
gait variability and gait stability parameters.
Variability of gait can be deﬁned as the variance of the gait
parameter around the mean, and a broad range of variability
measures has been reported in literature [2,4–7]. Generally,
increased spatial and temporal variability is associated with
increased fall risk [2,4,7]. However, other studies found that high
variability was associated with decreased fall risk [8] and that low
variability was associated with increased fall risk [4], which raises
the question if gait variability might be non-linearly related to fall
risk [9,10]. In addition, it has been established that strides are
related to each other in time [6]. The measure gait variability* Corresponding author at: VU University Amsterdam, Van der Boechhorststraat
7-9, 1081BT Amsterdam, The Netherlands. Tel.: +31 205988501;
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Open access under the Elsevier OA license.assumes that each stride is unrelated to strides in the past, and that
inter-stride variations are random [5]. The above indicates that the
debate on which variability measures to use for assessing fall risk,
and how to use them, is unresolved. Therefore, it could be useful to
investigate the association of other gait measures with fall risk. The
present study will focus, in addition to variability, on local dynamic
stability of gait.
In the present study, stability of gait is deﬁned as the resilience
of the walking subject to inﬁnitesimal, i.e. local, perturbations
during walking [11], which are the result of naturally occurring
internal and external inﬂuences. Local dynamic stability (LDS),
quantiﬁed by the maximum time-ﬁnite Lyapunov exponent, is a
measure of the ability of the walking subject to attenuate the
effects of these local perturbations and is not related to gait
variability [5]. LDS might be related to fall risk [12–17] as it
predicts falls of a walking computer model [12,16]. In people,
assessment of LDS indicate that elderly subjects are generally more
unstable during gait than young subjects which is in accordance
with the association between age and fall risk [13,14]. A recent
study showed that a combination of LDS and variability could
correctly classify 83% of all trials as normal walking or walking
with a balance impairment, induced by galvanic vestibular
stimulation [17]. LDS successfully differentiated elderly fallers
from elderly non-fallers and young subjects [15]. However, this
M.J.P. Toebes et al. / Gait & Posture 36 (2012) 527–531528was a small study (N = 13), and the results may be confounded by
differences in walking speed between groups [18]. Furthermore, in
this study [15] fallers were deﬁned as subjects who fell after an
induced slip in an earlier experimental study, not necessarily
predictive of real-life fall risk. In conclusion, several studies
indicate that LDS might be associated with fall risk, but this has not
yet been investigated within a large sample of elderly.
Literature shows that both variability and stability of gait are
quantiﬁed using many measures, often with subtle differences. The
ﬁrst aim of the present study is to explore the collinearity of these
measures using a factor analysis to determine whether these
measures can be clustered in variability and stability as different
properties of an individual’s gait pattern. The results of this
analysis will be used to answer the main research question,
whether variability and stability of gait are associated with fall
history in a large sample of elderly subjects.
2. Methods
2.1. Participants
Subjects were recruited and tested at a national fair aimed at
people of 50 years and older. Subjects were included if they were
aged between 50 and 75 years and able to walk on a treadmill
without aids. Subjects older than 75 years were excluded given the
short time to reconsider their decision to participate and given an
estimated increase in injury risk in relation to a part of the
experimental protocol (not described in this paper). All subjects
gave informed written consent. The ethics committee of the
Faculty of Human Movement Sciences, VU University Amsterdam
approved the experimental protocol.
2.2. Experimental protocol
Subjects walked for 12–17 minutes on a treadmill at
4 km h1. The ﬁrst 5–10 minutes were used to become familiar
with treadmill walking. The ﬁnal 7 minutes of treadmill walking
were used to collect trunk accelerations and angular velocities
using a small device (Dynaport Hybrid, McRoberts B.V., The
Hague, The Netherlands). The device was strapped to the back,
just below the shoulder blades, as trunk control is critical for
gait stability [19].
Fall history was obtained by self-report of number of falls and
fall cause in the past 12 months. A subject was classiﬁed as a faller
if at least one fall had occurred in the past 12 months. Subjects
were classiﬁed as experienced treadmill walkers if they had
walked on a treadmill at least twice before the fair visit.
2.3. Gait parameters
3D linear accelerations and 3D angular velocities of the trunk
were measured with the Dynaport Hybrid during treadmill
walking, resulting in 6 time-series to calculate gait parameters.
The data were analyzed in the sensor coordinate system which was
approximately aligned with the global coordinate system [17].
Because of clipping of the vertical acceleration time-series in 35%
of the subjects, only the other 5 time-series were used. In subjects
with clipping, on average 0.34% of the measured signal was
affected. The ﬁnal 150 strides were used to calculate gait
parameters. Foot contacts were detected based on the anterior-
posterior acceleration signal for all gait parameters [20].
For the variability parameters the data were low pass ﬁltered
(20 Hz, 4th order Butterworth) before further processing. In total, 7
gait variability parameters were calculated. Stride-time variability
(STV), was calculated as the standard deviation of 150 stride times.
The other parameters were stride-to-stride variability of the 5analyzed time-series and the stride-to-stride variability of the
Euclidean norm of the three angular velocity time-series. To
calculate stride-to-stride variability, each stride of 150 strides of
the 6 time-series was time normalized (0–100%). The mean over
the stride-cycle of the standard deviation across strides at each
increment of normalized time was used as a measure of stride-to-
stride variability of gait [5].
Stability of gait was quantiﬁed by LDS. Since there is no
consensus on which time-series to use for calculation, LDS was
calculated for each of the 5 time-series and 2 combinations of the
angular velocity time-series [21–23]. The method for calculating
LDS has been described extensively in other studies [21,22]. Brieﬂy,
LDS describes how a subject responds to small initial differences in
kinematics over the course of 10 strides. Following several other
studies, the dynamics of gait were analyzed in a 5-dimensional
state-space [13,15,18,21,22] that was reconstructed from each of
the individual time-series using the method of time-delayed
embedded dimensions (delay of 10 samples) [15,18,21]. The state-
spaces from combined signals were a 15-dimensional state-space
from the combination of 5-dimensional state-spaces of the three
angular velocities and a 6-dimensional state-space consisting of 2-
dimensional (1 embedded dimension) of the three angular
velocities. For each time point in state-space, a nearest neighbor
was found and the Euclidean distance between these points in
state-space was tracked for 10 strides. The divergence curve was
calculated as the mean of the log of the time-distance curves.
Short-term LDS (LDSS) was calculated as the linear ﬁt through the
1st step of the divergence curve [18]. Thus, LDSS indicates the rate
of divergence as a result of differences in initial conditions during
the time needed for 1 step. Long-term LDS (LDSL) was calculated as
the linear ﬁt through strides 4 till 10 in the divergence curve. LDSL
indicates the rate of divergence after small differences in initial
conditions between the 4th and the 10th stride. A positive LDSS or
LDSL indicates instability, a larger positive value indicates more
instability.
In summary, 7 variability, 7 LDSS, and 7 LDSL parameters were
calculated to quantify gait parameters (Table 1). All calculations
were performed by custom made Matlab 7.6 (The MathWorks, Inc.,
Natick, MA) scripts.
2.4. Statistical analysis
The Mann–Whitney U-test, the independent samples t-test, and
the chi-square test were used to test differences in demographics,
and treadmill experience between fallers and non-fallers. PASW
Statistics 18.0 (SPSS, Inc., Chicago, IL) was used and statistical
signiﬁcance was declared if p < 0.05.
To answer the ﬁrst research question, whether the calculated
measures of gait parameters can indeed be clustered in concepts of
variability and stability, all variability and stability parameters
were ﬁrst log transformed to correct non-normality. Factor
analysis was used to extract the underlying grouping, i.e. factors,
of intercorrelated clusters of gait parameters. Therefore, all
variability and stability of gait parameters were used as input in
the factor analysis. However, one gait parameter (LDSLSv, see Table
1 for abbreviation) was excluded after the individual Kaiser–
Meyer–Olkin test resulted in a value <0.5 (indicating unsuitability
for factor analysis [24]) leaving 20 gait parameters for the
development of the factor structure. The scree plot was used to
determine the number of extracted factors. VariMax rotation was
used to optimize the loading of variables onto factors.
To answer the main research question, whether variability and
stability of gait are associated with fall risk, the gait parameter
with the highest factor score for each factor, that resulted from the
factor analysis, was selected to study its association with fall
history using logistic regression. Univariate regressions with
Table 1
Time-series per class of parameters and abbreviations for variables used in text and
tables. Note that all directions are in the local coordinate system, which was roughly
aligned with the global (Cartesian) coordinate system.
Time-series Variability LDSS LDSL
ML acceleration VARML LDSSML LDSLML
AP acceleration VARAP STV LDSSAP LDSLAP
V acceleration –a –a –a
F angular velocity VARFv LDSSFv LDSLFv
S angular velocity VARSv LDSSSv LDSLSv
T angular velocity VARTv LDSSTv LDSLTv
Angular velocities combined VARFullv LDSSFullv15D LDSLFullv15D
LDSSFullv6D LDSSFullv6D
VAR: variability of gait; LDSS: short-term local dynamic stability; LDSL: long-term
local dynamic stability and STV: stride-time variability. ML: medio-lateral; AP:
anterior-posterior; V: vertical; v: angular velocity; F: frontal plane; S: sagittal plane
and T: transverse plane.
a V acceleration time-series discarded due to clipping of the signal.
Table 3
Loading of log transformed variables after factor analysis with VariMax rotation.
Only absolute loadings >0.30 are shown.
Variable name Factor 1 Factor 2 Factor 3 Factor name
VARML 0.95 Gait variability
VARFullv 0.95
VARTv 0.90
VARSv 0.90
VARFv 0.89
VARAP 0.89
STV 0.77
LDSLAP 0.60a 0.32a
LDSSFullv6D 0.90 Short-term gait instability
LDSSFullv15D 0.81
LDSSAP 0.75
LDSSML 0.72
LDSSTv 0.71
LDSSSv 0.67
LDSSFv 0.45
LDSLFullv6D 0.96 Long-term gait instability
LDSLFullv15D 0.96
LDSLTv 0.83
LDSLML 0.69
LDSLFv 0.43
LDSLSv Excluded during factor analysis
a Indicates high loadings of a gait parameter that shares substantial loadings with
other factors. For abbreviations see Table 1.
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regression, which tested the change in the 2-log-likelihood (chi-
square test) for inclusion of gait parameters in the ﬁnal model. The
overall model ﬁt of all models was quantiﬁed by Nagelkerke’s R2N
which can be interpreted as R2 of linear regression [25]. The
resulting regression model was checked for confounders (demo-
graphic variables and treadmill experience). A variable was
considered a confounder if it changed a coefﬁcient of any of the
included gait variables by >10%.
3. Results
In total, 134 subjects participated in this study. The mean age
was 62.4 (SD 6.2) years. There were no signiﬁcant differences
between fallers and non-fallers in demographic variables, physical
activity score, and treadmill experience (Table 2). 44 subjects
(32.8%) fell in the previous year. The majority of falls occurred
during locomotion (tripping = 27, slipping = 3), while other causes
were less common (lost consciousness = 3, vestibular disor-
ders = 3, cannot remember cause = 4).
There were substantial inter-correlations between gait param-
eters (0.36 < Pearson r < 0.87). The factor analysis on log
transformed gait parameters resulted in three uncorrelated
(0.003 < Pearson r < 0.02) factors, ‘‘gait variability’’, ‘‘short-term
gait instability’’, and ‘‘long-term gait instability’’, that accounted for
71% (38%, 20%, and 13%, respectively), of the total variance (all
eigenvalues >1.5). The factor loadings of the gait parameters can
be interpreted as the correlation of the gait parameter with the
factor (Table 3). Generally, the absolute factor loadings were >0.6
with the exception of LDSSFv, LDSLFv, and LDSLAP. LDSLAP had
substantial loading on 2 factors and was considered non-speciﬁc to
a factor.
The most representative gait parameters, i.e. having the highest
factor loadings for the three factors, selected to study the
association with fall history, were VARML (gait variability),Table 2
Subject characteristics of fallers and non-fallers. All differences between fallers and
non-fallers were non-signiﬁcant. Data are presented as mean (SD), median
(interquartile range) or percentages.
Fallers Non-fallers N total
N 44 90 134
Age (years) 63.3 (6.4) 62.0 (6.1) 134
Gender (male/female) 16/28 (36.4%/63.6%) 33/57 (36.7%/63.3%) 134
Height (m) 1.71 (0.07) 1.71 (0.09) 134
Body mass (kg) 72.0 (67.0–80.0) 73.0 (67.0–80.0) 134
Treadmill experience
(yes/no)
21/22 (47.7%/50.0%) 35/53 (38.9%/58.9%) 131LDSSFullv6D (short-term gait instability) and LDSLFullv6D (long-term
gait instability). Univariate logistic regression analyses revealed
that VARML (p < 0.001, R
2
N ¼ 0:20) and LDSSFullv6D (p = 0.006,
R2N ¼ 0:12) were signiﬁcantly and positively associated with fall
history while LDSLFullv6D was not signiﬁcantly associated with fall
history (p = 0.361, R2N ¼ 0:01, Table 4).
In the multivariate analysis, both VARML and LDSSFullv6D had a
signiﬁcant contribution (Table 5). Adding LDSLFullv6D did not
further improve the regression model (p = 0.827). The model with
VARML and LDSLFullv6D (R
2
N ¼ 0:24) was checked for confounding by
adding demographics and treadmill experience individually. None
of the added variables changed the coefﬁcients by >10%. The
regression coefﬁcients revealed that subjects with higher VARML
and higher LDSLFullv6D were more likely to have experienced a fall
in the previous year (Table 5).
4. Discussion
Before addressing the main aim of this paper, i.e. to assess the
association between gait variability and LDS and fall history, a
factor analysis was used to determine whether the gait parameters
could be clustered in gait variability and gait stability parameters
and to select the strongest parameters within these clusters.
Interestingly, gait variability parameters were clearly distinguish-
able from short-term and long-term gait instability parameters.
This is in line with earlier results where variability, short-term and
long-term local dynamic instability showed different patterns ofTable 4
Results of univariate logistic regression analyses for each log transformed gait
variable that had the highest factor score.
Variable ba 95% CIb
b pc R2N
d
VARML 6.53 3.39–9.67 <0.001 0.20
LDSSFullv6D 13.62 5.25–21.99 0.001 0.12
LDSLFullv6D 1.08 3.49–1.33 0.378 0.01
a b: unstandardized regression coefﬁcient.
b 95% CIb: 95% conﬁdence interval of b.
c p: p-value.
d Model ﬁt statistic Nagelkerke’s R2N
.
Table 5
Result of the ﬁnal multivariate logistic regression analysis with log transformed
VARML and LDSSFullv6D.
Variable ba 95% CIb
b pc R2N
d
VARML 1.25 0.53–1.98 0.010 0.24
LDSSFullv6D 1.04 0.06–2.02 0.038
a b: unstandardized regression coefﬁcient.
b 95% CIb: 95% conﬁdence interval of b.
c p: p-value.
d Model ﬁt statistic Nagelkerke’s R2N .
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that the three factors quantify different aspects of gait that could
each provide important information about gait performance.
This is the ﬁrst study, as far as we know, that showed that
VARML and LDSSFullv6D were associated, individually and com-
bined, with fall history while LDSLFullv6D was not. This result is in
line with several studies that showed the plausibility of an
association between short-term gait instability and factors related
to gait stability (fall risk, age, and induced balance impairments)
[10,12–15,17], while long-term gait instability was not in most of
these studies [12,15–17]. The results in this study do substantiate
that short-term instability and variability of gait are important
sources of information, while long-term gait instability is not,
when assessing fall risk.
While the addition of LDSSFullv6D to VARML was statistically
signiﬁcant, the increase of the explained variance of the statistical
model was small (change of R2N ¼ 0:04). Nevertheless, this implies
that the association between gait parameters and fall history can
be improved without extra measurement effort since LDS is
calculated from the same data as gait variability.
We suggest that the higher relevance of short-term gait
instability compared to long-term gait instability when assessing
fall risk might be related to the time span of the parameters.
Several studies indicate that whether a subject will fall as a result
of trips or slips, i.e. global perturbations, is largely dependent on
the reaction during the ﬁrst step [27,28]. In contrast, long-term gait
instability quantiﬁes the divergence of the gait pattern between 4
and 10 strides after a local perturbation, when most of the relevant
reactions to global perturbations are completed. Indeed, it appears
that short-term gait instability is positively associated to the initial
response phase during the ﬁrst step after a global perturbation,
while long-term gait instability is not [19]. Long-term gait
instability might quantify some other characteristic of gait.
However, strong hypotheses are lacking in the literature and the
current results do not provide new hypotheses.
The results of this study indicate that gait variability is more
strongly associated with fall history than short-term gait
instability. The association between variability of gait and falls
has been found by several authors [2,4,5,7], while the association
with falls had barely been investigated for short-term gait
instability [15]. Still, the best ﬁt to the data is achieved when
both variability and short-term instability of gait are included in
the regression model. In the past, increased variability has been
associated with errors introduced by a suboptimal performance of
the neuromuscular system in controlling movement execution
[29]. Interestingly, variability of standing balance tasks is better
understood when interpreted in relation to a boundary beyond
which global stability is compromised [30]. Indeed, there is
evidence that large variability during standing balance tasks can be
associated with ﬂexibility in movement execution [30]. Short-term
gait instability quantiﬁes how fast gait patterns diverge after an
inﬁnitesimal perturbation irrespective of the distance to the
boundary of stability. Fast divergence close to the boundary of
stability could be unfavorable, while fast divergence well within
the boundary of stability of gait could be unimportant. Thecombination of high variability, which may reﬂect the probability
of approaching the boundary of stability, and high short-term
instability could therefore be a good predictor of the propensity to
fall.
It is remarkable that in this relatively young group of elderly
subjects, the association between fall history and variability and
short-term instability of gait was found. The age of the subjects was
low compared to other studies investigating the relation between
gait variability and falls (62.4 years vs 79–82 years) [2,4,7]. Despite
this difference in age, other characteristics were similar. The
percentage of fallers in this study was comparable with previous
studies (32.8% vs 13–57%) [2,3,7], as was the percentage of falls
during locomotion (68.2% vs 39–75%) [2,3,7]. The relatively high
percentage of fallers in this young group of elderly subjects might
be caused by the setting (a fair) where it was clear that the research
was about stability of gait and to falls. Subjects with fall history
were perhaps more inclined to participate than non-fallers. If the
results of this paper are veriﬁed prospectively, assessment of
variability and stability of gait may contribute to selection of
elderly people for fall prevention programs.
Acknowledgements
The authors would like to thank McRoberts B.V. (The Hague, The
Netherlands) for the use of the measurement instrument and
Helisports International B.V. (Amsterdam, The Netherlands) for
providing the treadmill.
Conﬂict of interest statement
The authors declare that there are no conﬂicts of interest.
References
[1] Stel VS, Smit JH, Pluijm SM, Lips P. Consequences of falling in older men and
women and risk factors for health service use and functional decline. Age and
Ageing 2004;33(1):58–65.
[2] Hausdorff JM, Rios DA, Edelberg HK. Gait variability and fall risk in communi-
ty-living older adults: a 1-year prospective study. Archives of Physical Medi-
cine and Rehabilitation 2001;82(8):1050–6.
[3] Niino N, Tsuzuku S, Ando F, Shimokata H. Frequencies and circumstances of
falls in the national institute for longevity sciences, longitudinal study of aging
(nils-lsa). Journal of Epidemiology 2000;10(1 Suppl.):S90–4.
[4] Brach JS, Berlin JE, VanSwearingen JM, Newman AB, Studenski SA. Too much or
too little step width variability is associated with a fall history in older persons
who walk at or near normal gait speed. Journal of Neuroengineering and
Rehabilitation 2005;2:21.
[5] Dingwell JB, Cusumano JP, Cavanagh PR, Sternad D. Local dynamic stability
versus kinematic variability of continuous overground and treadmill walking.
Journal of Biomechanical Engineering 2001;123(1):27–32.
[6] Hausdorff JM. Gait dynamics, fractals and falls: ﬁnding meaning in the stride-
to-stride ﬂuctuations of human walking. Human Movement Science 2007;26(4):
555–89.
[7] Maki BE. Gait changes in older adults: predictors of falls or indicators of fear.
Journal of the American Geriatrics Society 1997;45(3):313–20.
[8] Beauchet O, Allali G, Annweiler C, Bridenbaugh S, Assal F, Kressig RW, et al. Gait
variability among healthy adults: low and high stride-to-stride variability are
both a reﬂection of gait stability. Gerontology 2009;55(6):702–6.
[9] Bruijn SM, Bregman DJ, Meijer OG, Beek PJ, van Dieen JH. The validity of
stability measures: a modelling approach. Journal of Biomechanics 2011;44(13):
2401–8.
[10] Roos PE, Dingwell JB. Inﬂuence of simulated neuromuscular noise on move-
ment variability and fall risk in a 3D dynamic walking model. Journal of
Biomechanics 2010;43(15):2929–35.
[11] Dingwell JB, Cusumano JP, Sternad D, Cavanagh PR. Slower speeds in patients
with diabetic neuropathy lead to improved local dynamic stability of contin-
uous overground walking. Journal of Biomechanics 2000;33(10):1269–77.
[12] Bruijn SM, Bregman DJ, Meijer OG, Beek PJ, van Dieen JH. Maximum Lyapunov
exponents as predictors of global gait stability: a modelling approach. Journal
of Medical Engineering & Physics 2012;34(4):428–36.
[13] Buzzi UH, Stergiou N, Kurz MJ, Hageman PA, Heidel J. Nonlinear dynamics
indicates aging affects variability during gait. Clinical Biomechanics (Bristol
Avon) 2003;18(5):435–43.
[14] Kang HG, Dingwell JB. Dynamic stability of superior vs inferior segments
during walking in young and older adults. Gait and Posture 2009;30(2):260–3.
M.J.P. Toebes et al. / Gait & Posture 36 (2012) 527–531 531[15] Lockhart TE, Liu J. Differentiating fall-prone and healthy adults using local
dynamic stability. Ergonomics 2008;51(12):1860–72.
[16] Roos PE, Dingwell JB. Inﬂuence of simulated neuromuscular noise on the
dynamic stability and fall risk of a 3D dynamic walking model. Journal of
Biomechanics 2011;44(8):1514–20.
[17] Van Schooten KS, Sloot LH, Bruijn SM, Kingma H, Meijer OG, Pijnappels M, et al.
Sensitivity of trunk variability and stability measures to balance impairments
induced by galvanic vestibular stimulation during gait. Gait and Posture
2011;33(4):656–60.
[18] Bruijn SM, van Dieen JH, Meijer OG, Beek PJ. Is slow walking more stable?
Journal of Biomechanics 2009;42(10):1506–12.
[19] Bruijn SM, Meijer OG, Beek PJ, van Dieen JH. The effects of arm swing on human
gait stability. The Journal of Experimental Biology 2010;213(Pt 23):3945–52.
[20] Zijlstra W, Hof AL. Assessment of spatio-temporal gait parameters from trunk
accelerations during human walking. Gait and Posture 2003;18(2):1–10.
[21] Bruijn SM, van Dieen JH, Meijer OG, Beek PJ. Statistical precision and sensitiv-
ity of measures of dynamic gait stability. Journal of Neuroscience Methods
2009;178(2):327–33.
[22] Dingwell JB, Cusumano JP. Nonlinear time series analysis of normal and
pathological human walking. Chaos 2000;10(4):848–63.[23] Gates DH, Dingwell JB. Comparison of different state space deﬁnitions
for local dynamic stability analyses. Journal of Biomechanics 2009;42(9):
1345–9.
[24] Kaiser HF. A second generation little jiffy. Psychometrika 1970;35(4):
401–15.
[25] Nagelkerke NJD. A note on a general deﬁnition of the coefﬁcient of determi-
nation. Biometrika 1991;78:691–2.
[26] Kang HG, Dingwell JB. Effects of walking speed, strength and range of motion
on gait stability in healthy older adults. Journal of Biomechanics 2008;41(14):
2899–905.
[27] Pijnappels M, Bobbert MF, van Dieen JH. Push-off reactions in recovery after
tripping discriminate young subjects, older non-fallers and older fallers. Gait
and Posture 2005;21(4):388–94.
[28] Redfern MS, Cham R, Gielo-Perczak K, Gronqvist R, Hirvonen M, Lanshammar
H, et al. Biomechanics of slips. Ergonomics 2001;44(13):1138–66.
[29] Schmidt RA. Motor schema theory after 27 years: reﬂections and implications
for a new theory. Research Quarterly for Exercise and Sport 2003;74(4):
366–75.
[30] Van Emmerik RE, van Wegen EE. On the functional aspects of variability in
postural control. Exercise and Sport Sciences Reviews 2002;30(4):177–83.
